Imagery from medium resolution satellites, such as Landsat, have long been used to map forest disturbances in the tropics. However, the Landsat spatial resolution (30 m) has often been considered too coarse for reliably mapping small-scale selective logging. Imagery from the recently launched Sentinel-2 sensor, with a resampled 10 m spatial resolution, may improve the detection of forest disturbances. This study compared the performance of Landsat 8 and Sentinel-2 data for the detection of selective logging in an area located in the Brazilian Amazon. Logging impacts in seven areas, which had governmental authorization for harvesting timber, were mapped by calculating the difference of a self-referenced normalized burn ratio (∆rNBR) index over corresponding time periods (2016-2017) for imagery of both satellite sensors. A robust reference dataset was built using both high-and very-high-resolution imagery. It was used to define optimum ∆rNBR thresholds for forest disturbance maps, via a bootstrapping procedure, and for estimating accuracies and areas. A further assessment of our approach was also performed in three unlogged areas. Additionally, field data regarding logging infrastructure were collected in the seven study sites where logging occurred. Both satellites showed the same performance in terms of accuracy, with area-adjusted overall accuracies of 96.7% and 95.7% for Sentinel-2 and Landsat 8, respectively. However, Landsat 8 mapped 36.9% more area of selective logging compared to Sentinel-2 data. Logging infrastructure was better detected from Sentinel-2 (43.2%) than Landsat 8 (35.5%) data, confirming its potential for mapping small-scale logging. We assessed the impacted area by selective logging with a regular 300 m × 300 m grid over the pixel-based results, leading to 1143 ha and 1197 ha of disturbed forest on Sentinel-2 and Landsat 8 data, respectively. No substantial differences in terms of accuracy were found by adding three unlogged areas to the original seven study sites.
Introduction
Selective logging is a pervasive activity in tropical forests. In the Brazilian Amazon, it is a major source of forest degradation, possibly encompassing an area larger than that reported as deforested [1] . Despite the fact that carbon emissions caused by forest degradation in the tropics are to some extent compensated by forest regrowth [2] , forests that have been selectively logged or burned store up to 40% very few [47] . In this context, it is important to analyze the consequences of moving from the Landsat moderate spatial resolution to the finer spatial scale of Sentinel-2 data.
Previous studies have mapped forest disturbances using single-scene analysis of Landsat imagery per time period, which is usually one year [26, 30, [32] [33] [34] . However, in tropical evergreen forests, small-scale forest disturbance caused by selective logging activities can be recovered very fast (within a few months) by vegetation regrowth [40, 47] . Therefore, the use of a single image for a given year can underestimate the amount of forest disturbances. For instance, in the Central Amazon, if a tree harvest is carried out in early dry season, with an image used in the analysis 4-6 months after the disturbance occurred, the mapped area is potentially underestimated due to the rapid vegetation regrowth. On the other hand, if the satellite image analyzed is acquired before a logging activity, the forest disturbance may not be detected at all in the subsequent year [37] . In addition, persistent cloud cover is a known problem in optical remote sensing analysis in tropical regions [48] . Since the opening of the Landsat archive, the analysis of image time series has become feasible, allowing the retrieval of spectral information without data gaps due to cloud cover [49] .
Against this background, this study has two main objectives: (1) The mapping of forest disturbances caused by selective logging in seven sites under sustainable forest management (SFM) within the Brazilian State of Amazonas and (2) the comparison of the effectiveness of Landsat 8 data versus Sentinel-2 imagery for such purpose. To accomplish these objectives, we applied the "∆rNBR approach"-a modification of the normalized burn ratio (NBR) index-which has successfully been used to map forest disturbances in (semi-)evergreen forests in continental Southeast Asia [50] . Instead of working with single satellite scenes, this approach uses a time series analysis of all available satellite images and calculates the changes between two periods. Here, we applied the ∆rNBR methodology on imagery from both sensors during the dry seasons of years 2016 and 2017. We compared the resulting maps using accuracy assessment based on the visual interpretation of high-resolution images. To increase the robustness of our approach, three unlogged areas were also analyzed. Additionally, field data regarding logging infrastructure were collected and also used to assess the quality of the final maps.
Materials and Methods

Study Area
The study area is located in the south of the Brazilian State of Amazonas. Amazonas is the largest state in Brazil (1.5 million km 2 ) and holds the largest area of intact forests within the Brazilian Amazon [51] . This study was carried out in a focus area, bisected by the Transamazon Highway (BR 230), near the Village of Santo Antonio do Matupi (Figure 1 ). The area is one of the main timber production zones within the State of Amazonas [52] ; the surrounding region is known as a deforestation hotspot [51] .
The region has a tropical monsoon climate (Am) according to the Köppen climate classification system, with a recorded annual mean air temperature higher than 26 ºC and with annual rainfall ranging from 2800 to 3100 mm [53] . The short dry season (precipitation less than 60 mm per month) occurs between June and August [54] . The study area is covered by a mosaic of different vegetation types; with terra-firme forests (non-flooded) covering most of the region. These forests are classified as dense ombrophilous forest [55] , with a tall, closed canopy.
To compare both sensors, we chose to focus our analysis on seven study sites where logging happened (areas 1 to 7) (Figure 1 ). These study sites are rectangular areas cropped from the satellite images and they overlap SFM sites. A further assessment of our approach was also carried out in three areas without logging activities (areas 8 to 10) (Figure 1 ). These areas were licensed as an SFM; however, harvest activities were not recorded for the time period where the mapping was performed. Herein, the term "sustainable forest management" follows the Brazilian legislation definition [56] and is used to define an area with governmental authorization for harvesting timber. In the State of Amazonas, by law, logging intensity is limited to 25 m 3 /ha, within areas suitable for timber extraction within each SFM area [57] . However, in general, the logging intensity is much lower than 25 m 3 /ha (see Supplementary Materials, Table S1 ). All SFM areas comprise privately owned forests licensed in the years 2016 and 2017. In Brazil, the states have the responsibility of controlling the licensing process and issuing logging permits. In Amazonas, the Institute of Environmental Protection of Amazonas State (IPAAM) is responsible for issuing these permits. We chose our study sites from the IPAAM's database, which contains all SFM areas licensed in the region of Santo Antônio do Matupi in the years 2016 and 2017. We selected these areas based on their ease of access and geographic distribution. The fact that each study site was located in an authorized logging area was crucial for security during field work. Figure 1 . Location of the study area, the study sites (in red: Selectively logged areas, in blue: Unlogged areas) and the sustainable forest management areas (black polygons, numbered from 1 to 10). Background map (year 2017): Deforestation (white), non-forest vegetation (yellow), and forests (green).
Canopy Disturbance Mapping
Satellite Imagery and Pre-Processing
Landsat 8 images (OLI/TIRS C1 Level-1) were obtained from the United States Geological Survey (USGS) Global Visualization Viewer (GloVis, https://glovis.usgs.gov). Sentinel-2 images (MSI Level-1C) were obtained from the European Space Agency (ESA) Copernicus portal (https://scihub.copernicus.eu). We analyzed all images (with less than 10% cloud cover) available for a 4-month time period from 1 June to 30 September, for 2016 and 2017. Choosing this timeframe allowed us to detect the temporal change in the spectral signal as close as possible to the canopy disturbance events. This is the case because logging activities in this region occur in the dry season and as explained before, this type of canopy cover disturbance recovers really fast. Therefore, by adopting this timeframe, the chance of getting a "logging event" can increase. A total of 17 images (eight from Landsat 8 and nine from Sentinel-2) were suitable and used in the consequent analyses (Table 1) . A Sentinel-2A image from August 2015 was used to ratify that the target areas had not been disturbed in the previous year.
For Landsat data, raw digital numbers (DN) were converted to top-of-atmosphere (TOA) reflectance values following Reference [58] . For Sentinel-2, we kept the original Level-1C TOA reflectance values.
The corresponding spectral bands available for both sensors were taken into account in this process: Blue, green, red, near infrared (NIR), short-wave infrared 1 (SWIR-1), and short-wave infrared 2 (SWIR-2). The SWIR-2 band in Sentinel-2 imagery comes at a 20 m resolution, therefore it was resampled to 10 m resolution using the nearest neighbor resampling method. For Sentinel-2 imagery, considering land use and land cover maps, downscaling has been shown to have superior performance compared to upscaling, even when based on the most straightforward technique, the nearest neighbor resampling [59] . For this reason and also because we aimed at small-scale disturbances, downscaling was preferred over upscaling. Subsequently, all images were cropped to match the study sites. These steps were completed using the image processing (IMPACT) toolbox from the European Commission [58] .
Even though images with low cloud cover were selected, clouds could not be fully avoided. Thus, we applied a semi-automatic object-oriented approach to mask out the clouds and cloud shadows. First, a multiresolution segmentation [60] , using the three visible bands of the electromagnetic spectrum, was performed in eCognition®software. Afterwards, given the small size of the study sites and the limited cloud cover, it was possible to carry out a visual interpretation to remove image objects labelled as clouds and cloud shadows. Despite being labor intensive, a careful visual interpretation was preferred over a fully automatic approach for our limited-extent study areas, to avoid cloud omission errors which may have led to false disturbance detections. To eliminate non-forested areas from our dataset, we applied an object-based image analysis on the latest Landsat 8 image from the second year (2017), following a methodology proposed by Grecchi et al. [34] . Non-forested areas included water bodies, natural vegetation not classified as forests (e.g., savannas), and deforested areas. For this study, deforestation follows the definition of FAO [7] meaning "the conversion of forest to other land use". This step was required to avoid wrongly classifying some areas of selective logging as deforestation (e.g., log landings). Therefore, logging infrastructure, such as log landings and logging roads, were kept inside the forest mask and were mapped as a part of the forest disturbance process. To build this forest mask, a segmentation process, aiming at a minimum mapping unit (MMU) of 3 hectares (ha), was performed in eCognition®. Objects smaller than 3 ha were then merged to comply with the defined requirements for MMU. A decision-tree classification approach was applied to categorize image objects into three main classes: Forest, non-forest, and water. Previously, we performed an unconstrained linear spectral mixture analysis [61] to get three fraction images: Soil, vegetation, and water/shadow. This step was completed using the IMPACT toolbox, where unconstrained values were rescaled to values between 0-255 [58] . All image objects with a soil fraction mean ≥108 were classified as non-forest and all objects with a water fraction mean ≥185 and a mean value for the NIR band <70 were classified as water. All remaining objects were classified as forest.
Finally, the classification was exported as a raster file, with a binary classification: Forest with value 1 and non-forest with value 0. As this binary forest mask was built using a Landsat image, a nearest neighbor resampling technique was carried out to convert the forest mask to the spatial resolution and the geolocation of the Sentinel-2 images. The quality of the forest mask was assessed in the seven study sites where logging occurred (areas 1 to 7), based on the visual interpretation of the latest Landsat image from the year 2017, which was carried out by an external expert. A stratified random sampling scheme was applied for the two strata (forest and non-forest areas) with 150 sampling points for each one, distributed randomly over the seven study sites. The area-adjusted overall accuracy [62] was 98.6%, with adjusted producer's accuracy of 99% for the forest class and 95.7% for the non-forest class. The area-adjusted user's accuracy was 99.3% for the forest class and 94% for the non-forest class.
Applying the ∆rNBR Approach
To detect canopy cover disturbance, a ratio-based vegetation index called normalized burn ratio (NBR) was used. The NBR index is based on the normalized difference of the NIR and the SWIR-2 bands (Equation (1)). NBR is particularly sensitive to changes in live green vegetation [63] . Like the normalized difference vegetation Index (NDVI), the NBR output is composed by floating point values ranging from −1 to 1, where larger positive values are linked to closed forest canopy cover and smaller positive or even negative values indicate openings in the canopy cover [50] . The NBR was calculated for all images used in this study.
The NBR index has been traditionally used to map burn severity [63] . However, recently, it also has been used to assess forest disturbances, such as those caused by selective logging [64] . To detect changes in a given area, the NBR is assessed before (period 1) and after (period 2) the disturbance event. The difference between the values calculated for period 1 and period 2 is called ∆NBR.
When used to assess small-scale forest disturbances, NBR values can be different for two dates, even in the absence of forest cover change. This NBR difference can be due to unequal atmospheric conditions or illumination geometries [47] . To avoid assigning such change as a signal of forest disturbance, Reference [50] further developed the initial NBR methodology by introducing a self-referencing step. This approach is based on a moving window concept, which aims to account for the similarity (or dissimilarity) a given pixel has in comparison with its neighborhood [65] . Therefore, this self-referencing step shifts the NBR values to zero by subtracting the original NBR values at each pixel location from the median of the NBR values within a circular window centered at the pixel (Equation (2)). By following this method, intact forest canopies result in values close to 0, while openings in the canopy cover that expose bare soil or non-photosynthetic vegetation show positive values. Following Reference [50] , we chose a 210 m radius as the size of the moving window.
As the impacts of logging infrastructures on spectral signatures are ephemeral, we calculated the rNBR for all available images from the beginning to the end of the dry season (June to September) of a given year and then aggregated the maximum rNBR values into a single annual composite. The ∆rNBR image was then produced from the two annual image composites of max rNBR of years 2016 and 2017 (Equation (3)). All these steps ( Figure 2 ) were developed with "R" software [66] , using the raster package [67] . Image composites were created using a Python script provided by Reference [68] . ∆rNBR = rNBR Period 2 − rNBR Period 1 (3) Figure 2 . Flowchart of the steps used to generate the delta self-referenced normalized burn ratio (∆rNBR) image. MSI: MultiSpectral instrument; OLI: Operational land imager; DN: digital numbers; TOA: Top of atmosphere reflectance; NBR: normalized burn ratio; rNBR: self-referenced normalized burn ratio.
Detecting Forest Disturbances from Optimized Thresholds
A common approach used to assess the spectral signals of forest disturbances from remote sensing analyses is the empirical definition of thresholds [69] . Accordingly, an empirical threshold value is defined to build a binary map, encompassing areas considered "disturbed", "degraded", or "logged", depending on the adopted method and terminology [30, 33, 34] . For both Landsat 8 and Sentinel-2 imagery, we decided to produce binary maps for different ∆rNBR thresholds, ranging from 0.001 to 0.200 (200 values in total), and to compare the resulting sets of binary maps with a reference dataset, in order to define an optimum threshold value.
The seven study sites where selective logging occurred (areas 1 to 7, Figure 1 ) were used to define the threshold values for both sensors. The reference dataset used for choosing the best threshold values was built using a combination of high-and very-high-resolution imagery (spatial resolution <10 m). PlaneScope®images, with a 3 m spatial resolution, from the end of the dry season of both years (2016 and 2017), covering five of the seven SFM areas, were used to assess if the areas were logged or not (Supplementary Materials, Table S2 ). For two areas, a GeoEye-1 image (0.43 m spatial resolution), available in the Google Maps API®, was used for the interpretation of logging activities for the year 2017, while PlaneScope®imagery were used to assess the pre-logging status of the forests in 2016. To label the reference dataset in two distinct classes, disturbed or undisturbed, a visual interpretation was carried out for 600 sample points. To be included as a change event, the areas needed to be clearly identified in the images as logging areas or logging infrastructure. Areas with doubtful interpretation were not included in the reference dataset.
The number of sampling points was chosen based on the assumption that the areas would not have experienced more than 15% of land cover change. This assumption is reasonable because the change event is considered as a rare event in the landscape [70] , and even rarer if we take into account that the study areas are under sustainable forest management. Therefore, assuming area proportions for the stable class forest (i.e., undisturbed class) as 0.85 and 0.15 for the change class (disturbed), a target user's accuracy of 0.95 and 0.80 for the undisturbed and disturbed class, respectively, and a standard error for the overall accuracy of 0.01, leads to the number of sample points of approximately 600, according to the equation for stratified random sampling presented by Reference [62] . Considering the stratified random sampling scheme, different distributions of the total number of samples amongst different strata will favor different estimation objectives [62] . In our case, we wanted to be sure that the areas of logging were correctly included in the map (i.e., minimizing errors of omission), therefore 100 sample points were chosen for the class of disturbance and 500 sample points for the forest (undisturbed) class, with 100 of them allocated in the three study sites known to be unlogged.
To determine optimum threshold values, we followed a bootstrapping procedure [71] . The use of resampling methods, such as bootstrapping, has been reported as a more robust approach than a single split of the data into training and test sets [72] . From a total of 600 sample points, a random sample of 350 points was extracted and the estimated overall accuracy [62] was calculated from this sub-sample for each of the 200 binary maps. This procedure was iterated 1000 times while for each iteration we recorded the ∆rNBR value that maximized the overall accuracy. Subsequently, we calculated the average threshold values for each satellite sensor, herein called "optimized thresholds". These optimized thresholds were then used to build the final canopy disturbance maps used for comparisons between Landsat 8 and Sentinel-2 imagery (Figure 3 ).
Assessing Forest Area Affected by Selective Logging Using a Grid Approach
In order to assess the forest area impacted by selective logging, we applied a regular grid of 300 m × 300 m spatial resolution on the pixel-based results from both sensors, leading to 252 full grid cells over the forest of the seven SFM areas. The size of the grid cells is similar to a radius of 180 m from the mapped disturbance areas, as proposed by References [15] and [21] , to assess the forest area directly or indirectly affected by selective logging. The grid area typically contains features such as smaller sized logging infrastructure (small felling gaps, narrow logging roads, skid trails) and residual damaged vegetation due to the logging operations [73] , which are not detectable by remote sensing imagery. In addition, due to the use of permanent assessment units, a grid cell approach has the advantage of enabling a long-term assessment of the forest disturbances related to selective logging, which is highly dynamic in space and time. A grid approach with the same grid cell dimensions has been used to monitor selective logging with Landsat imagery over 15 years in Mato Grosso State by Reference [34] .
Grid cells that contained less than 5% of pixel-based mapped selective logging area were not taken into account in order to avoid results compromised by random effects.
Accuracy Assessment and Field Data Collection
For the accuracy assessment of the disturbance maps, the entire reference dataset (i.e., all 600 sampling points mentioned above) were used for building the error matrix, and for estimating accuracies and areas for both sensors [62] . Our approach was further applied to three unlogged forest management units (areas 8 to 10, see Figure 1 ) and an additional accuracy assessment was done after the inclusion of these new areas. The three unlogged areas were mapped using the same approach adopted for the forest management units where logging occurred (areas 1 to 7, see Figure 1 ). The binary maps, derived from the best threshold values, were compared with a new reference dataset built to also include sampling points in these three unlogged areas. Accordingly, 200 sampling points were randomly assigned for the forest (undisturbed) class. Therefore, the new reference dataset had 800 points, 700 for undisturbed forest and 100 for the disturbed forest.
With support of the State of Amazonas Government through IPAAM, we visited SFM areas near the Village of Santo Antônio do Matupi. The field data collection was carried out during IPAAM's law enforcement inspections in the region in the first and second weeks of October 2017. In the seven SFM areas, we collected GPS locations and information regarding the type of logging infrastructure: Log landings, felling gaps (canopy gaps created by the process of felling trees), logging roads, and skid trails (Figure 3) .
Although we initially intended to use a random sampling scheme, the field data collection was changed towards the selection of points close to logging roads. We collected field data for 155 sample locations, distributed over the 7 SFM areas. Consequently, the collected field data were not used for accuracy assessment, but for a quantitative comparison with the resulting disturbance maps to infer the degree of "detectability" of disturbances from our mapping approach. The field points could not have been used for accuracy assessment due to the limited number of sampling points; also, because some of the impacts provoked by logging activities do not result in canopy cover removal, as in the case of some portions of logging roads and skid trails (Figure 3 ). In spite of this, the field points helped to distinguish the logging infrastructure when the reference dataset was built. The percentage of GPS points corresponding to logging infrastructure that overlap the final (optimized) disturbance maps was used as detectability performance criteria.
Results
Optimized Thresholds
The bootstrapping approach used to retrieve the optimized thresholds (Figure 4) shows that the overall accuracy had low values for the lowest threshold values (due to a high error of commission) and then increased strongly until peak threshold values at around 0.03 and 0.06 for Landsat 8 and Sentinel-2, respectively. Subsequently, the overall accuracy dropped with increasing threshold values, due to a high error of omission. Our simulations of disturbance maps resulted in optimized threshold averages for ∆rNBR at 0.035 (±0.005) and 0.065 (±0.009) for Landsat 8 and Sentinel-2 images, respectively. 
Sentinel-2 versus Landsat 8
Accuracy of Disturbance Detection
The overall accuracy of the two mapped classes (disturbed forest and undisturbed forest), taking into account the original, uncorrected error matrices, was 94.8% for Landsat 8 and 94.3% for Sentinel-2. When adjusted to account for area proportion, these values increased. The area-adjusted overall accuracies for Landsat 8 and Sentinel-2 were 95.7% and 96.7%, respectively ( Table 2 ). The omission error was higher for the disturbed class for both satellites. Here, the area-adjusted producer's accuracy for the disturbed class was 59.3% for Landsat 8 and 63.3% for Sentinel-2. On the other hand, the area-adjusted producer's accuracy for the undisturbed class (stable class, with no change) was 99.2% and 98.9% for Landsat 8 and Sentinel-2, respectively ( Table 2) .
No substantial differences in terms of accuracy were found by adding three unlogged areas to the original seven study sites. Taking into account the 10 areas, the area-adjusted overall accuracies for Landsat 8 and Sentinel-2 increased marginally, with values of 96.7% and 97.5%, respectively. This can be explained by the high accuracies recorded for the undisturbed class. For this class, the area-adjusted user's accuracy was 97.4% and 98.3% for Landsat 8 and for Sentinel-2, respectively. The area-adjusted producer's accuracy was 99.1% for both sensors. However, for the disturbed class, the area-adjusted producer's accuracy showed a slightly decrease for the Sentinel-2 map (62.1%) while for Landsat 8 it was recorded the same accuracy of before (59.3%). The area-adjusted user's accuracy for the disturbance class also decreased, with new values of 80.4% and 77.2% for Landsat 8 and Sentinel-2, respectively. Considering the disturbance maps derived from the proposed approach and calculating the area covered by pixels with values greater than the optimized thresholds, Landsat 8 imagery led to the detection of a larger logging-affected area than Sentinel-2 imagery (Table 3 ). The adjusted area for the disturbance class was 282.7 ± 52.5 ha for Landsat 8 and 206.5 ± 44.1 ha for Sentinel-2. The map based on Landsat 8 led to an area affected by selective logging 17.8% higher than the map based on Sentinel-2 data, considering the simple pixel counting. However, when adjusted areas are taken into account this value was 36.9%. There was an uncertainty associated with the choice of the best threshold value, particularly for Sentinel-2 (∆rNBR ≥ 0.065 ± 0.009). If we were to consider the lower end of this uncertainty interval (i.e., ∆rNBR ≥ 0.056) and the areas computed by simple pixel counting (Table 3) , the logged areas mapped by Sentinel-2 would be substantially higher (163.4 ha for ∆rNBR ≥ 0.065 and 201.3 ha for ∆rNBR ≥ 0.056). Even if the differences in the overall accuracy for the lower end (96.6% for ∆rNBR ≥ 0.056) seem to be minimal, the commission error increased, reaching a value of 26.6%. By choosing to use the optimized threshold, i.e., the mean of all values that maximized the overall accuracy in 1000 simulations (∆rNBR ≥ 0.065), we were able to avoid this problem.
The percentages of logged area in relation to the total SFM areas (Table 4) varied from 2.43% to 14.28% for Landsat 8 and from 1.91% to 11.60% for Sentinel-2. In total, over the seven SFM areas, the percentages were 5.73% and 4.87% for Landsat 8 and Sentinel-2, respectively. If we analyze the sum of pixels classified as disturbed within the three unlogged sites the resulting areas are negligible for Sentinel-2, with 0.6% of the total area accounting for disturbed pixels, for all sites. However, for Landsat 8, these disturbed pixels result in 1.2%-2.6% of the total areas. 
Forest Area Affected by Selective Logging: Grid-Based Approach
From the 252 full grid cells of 300 m × 300 m over forest in the seven SFM areas, 127 grid cells (1143 ha, 50.4%) and 133 grid cells (1197 ha, 52.8%) contained more than 5% of pixels of mapped selective logging in Sentinel-2 and Landsat 8 data, respectively ( Figure 5) . The difference between the two sensors thus resulted in a 4.7% larger area with Landsat imagery. The grid cells appearing as disturbed in both datasets amounted to 116, accounting for 91.3% and 87.2% in Sentinel-2 and Landsat 8 data, respectively. In addition, we applied a sensitivity analysis on the position of the grid cells by calculating the statistics over ten different grids; nine of them shifted by 75 m steps in E-W, N-S and both directions from the original grid. In all cases, Landsat 8-based results showed a larger area of impacted forest by selective logging, ranging from 1.6% to 12.5%, with an average of 6.8%, compared to results based on Sentinel-2 imagery. 
Detectability of Logging Infrastructure: Results from Field Data Collection
During field data collection, the geolocation of 155 sampling points was collected, and distributed throughout the seven study areas. Data were collected for the geographic location and major types of logging infrastructure present. Logging infrastructure catalogued includes log landings (30) , felling gaps (61), logging roads (32) , and skid trails (32) .
When comparing the field information to our disturbance maps, it appeared that Sentinel-2 imagery had a better capability for detecting logging infrastructure than Landsat 8 imagery ( Figure 6 ). For log landings, the percentage of correct detection was 93.3% and 80% for Sentinel-2 and Landsat 8 imagery, respectively. However, for other types of logging infrastructure we did not observe the same pattern. Felling gaps, with the second highest percentage of correct detection, reached 47.5% and 34.4% for Sentinel-2 and Landsat 8 imagery, respectively. Logging roads (Landsat 8 = 21.9% and Sentinel-2 = 25%) and skid trails (Landsat 8 = 9.4% and Sentinel-2 = 6.3%) showed very low percentage values of detectability. 
Discussion
Detection of Logging Impacts: Comparison with Other Studies in the Amazon
Based on the ∆rNBR approach proposed by Reference [50] , selective logging activities were mapped in the seven SFM areas near the town of Santo Antônio do Matupi, State of Amazonas, Brazil. The area-adjusted overall accuracies in the present study were satisfactorily high, with 95.7% for Landsat 8 and 96.7% for Sentinel-2, respectively. Similar values were obtained by Reference [34] for a forest disturbance mapping performed in the Brazilian Amazon, using SMA analysis on Landsat imagery, as well as in other studies [30, 31] .
Instead of choosing arbitrary thresholds, our methodology allows for the selection of an optimized threshold for each sensor, Landsat 8 and Sentinel-2, through the use of a reference dataset. The optimized thresholds were defined using a bootstrapping approach with numerous simulations of accuracy assessments, with the goal of minimizing commission and omission errors, leading to the highest overall accuracy. For both satellites, the user's and producer's accuracies for the disturbed forest class was much lower than for the undisturbed class (Table 2) . Omission errors play a major role in lowering the overall accuracy at the best possible threshold. With decreasing threshold values, overall accuracies also decreased considerably (Figure 4) , indicating a strong increase of commission errors due to noise effects over non-disturbed areas. Therefore, it is possible that the key to more accurately identify disturbed areas does not lie in the lack of "detectability" through the ∆rNBR index, but rather in the capacity to separate real forest disturbances from noise. Notwithstanding, the range of all accuracies found here are well within the range of previous works, or exceed them [30, 31, 34, 38, 50] .
Sentinel-2 versus Landsat 8
Accuracy Assessment
Several studies have been carried out on sensor comparison and synergistic use of Landsat 8 and Sentinel-2 [43, 45, 46, [74] [75] [76] . However, more information is needed regarding the differing capabilities of the two sensors for land cover mapping and the consequences of these differences in the context of forest cover monitoring and forest cover change assessment. Our results of mapping forest disturbances with the ∆rNBR approach reveal that, although Sentinel-2 shows a better performance, the overall accuracy (96.7%) is just marginally higher than the one reported for Landsat 8 (95.7%). Similar values were reported in other studies on land cover changes when comparing Landsat 8-and Sentinel-2-based results. For instance, Reference [46] , mapping land use and land cover in Burkina Faso, found that the usage of Sentinel-2 data can improve image classification accuracy by 4%. In another study, Sentinel-2 was also shown to better map burn scars and fire severity in Greece from a ∆NBR approach with a 2.7% higher overall accuracy compared to Landsat-based results [42] . A study in Finland [45] compared the retrieval of biophysical variables for forests, concluding that Sentinel-2 performed better when the red-edge band was taken into account, however, the improvements in accuracy were marginal.
Sentinel-2 has very similar spectral bands compared to Landsat 8; therefore, a better detectability of selective logging was expected due to the finer spatial resolution of Sentinel-2. However, Landsat 8-based results have similar overall accuracy. This could indicate that despite its coarser spatial resolution, Landsat 8 has a good potential to identify logging features. These results agree with recent studies carried out in a region near the study area, in the State of Rondônia, Brazil [36, 37] . However, the area mapped as logged with Landsat imagery is considerably larger in comparison with Sentinel-2-based results.
Forest Area Affected by Selective Logging
Landsat 8 data increased the estimated area of selective logging by 36.9%, compared to Sentinel-2 (Table 3) . Logging infrastructure, such as log landings and logging roads, are generally smaller than the Landsat spatial resolution [38] . In consequence, the possible area overestimation can be attributed to the high response values of mixed pixels in Landsat 8, that show up as a set of "pure" pixels in Sentinel-2, for the same corresponding area. Even though Sentinel-2-based results have a higher commission error for the disturbed class (20%) compared to Landsat 8 results (12.9%), this was not reflected in an increase of the mapped area. From Figure 3 it is clearly visible that Landsat 8 correctly detects most of the logging infrastructure that results directly in canopy cover reduction. However, with its 30 m spatial resolution, it will also include "non-directly affected" logging areas in the same mapping unit (i.e., the pixel), leading to a larger mapped area. The three areas without logging activities showed a minimal number of pixels classified as disturbed (0.6% for Sentinel-2). For Landsat 8, these disturbed areas represented from 1.2% to 2.6% of the total areas, reflecting its coarse spatial resolution. Given the high response values of the ∆rNBR for these pixels and the scattered spatial distribution of them, it is possible that they represent natural disturbance events, such as natural tree falls. A further spatial pattern analysis could be useful to "filter" these isolated pixels from the original mapping, if one is interested in reporting disturbed areas in a regional scale, for example.
Deleterious effects of selective logging in tropical forests are not restricted to canopy cover reduction, but have cascading effects on rates of forest growth, hydrological processes, and carbon cycling [77] , and can have negative impacts on wildlife [78] . Artificial gaps created by selective logging activities, despite being designed to emulate natural systems (gap phase dynamics), lead to a larger disturbance area than is expected to occur under natural gap phase dynamics [79] . Previous remote sensing studies deduced the area affected by selective logging, using buffers around key logging infrastructure [15, 27] , as a way to estimate logging impacts throughout surrounding forests. However, considering the areas under investigation, it is virtually impossible to affirm that the non-directly affected areas of forests mapped from Landsat 8 imagery are necessarily disturbed or even degraded, without consistent field data and a reliable methodology for concluding so.
Logging authorizations within the State of Amazonas are valid for 24 months. Therefore, logging activities can be carried out over the course of three consecutive years. Our research focused on areas with logging authorizations starting in 2016. In consequence, it was probable that logging activities would be carried out within the following 12 months. During the field campaign (carried out in 2017), it was observed that the SFM activities were almost completely finished, however, a small percentage of the authorized logging could potentially have occurred also within 2018. There is no clear relationship between logging intensity and the percentage of the SFM area mapped as logged (Table 4 ). This can be explained by two main reasons. First of all, the logging intensity is quite similar amongst areas. Second, logging intensity is just a ratio between the volume authorized for logging and the total area of the SFM. The percentage of disturbed areas will also be dependent on the spatial distribution of logging activities and on the impacts of selective logging on the remaining vegetation during the harvest process. For instance, if two areas have the same logging intensity, but one of them did not follow the guidelines for minimizing harvest impacts, this area will have a high percentage of disturbed areas. In spite of this, the percentages of logged forest area, considering all SFM areas analyzed (Landsat 8 = 5.73%; Sentinel-2 = 4.87%), were similar to those reported from other studies carried out in areas under reduced impact logging (RIL) techniques and/or subjected to legal harvest constraints (like SFM). The logging intensity in the study sites is lower in comparison with the maximum volume authorized by law [56, 57] and more related to other studies carried out following RIL and/or low impact logging [12, 16] . The authors of Reference [16] , working in the Eastern Brazilian Amazon, found that the ground disturbance in areas subjected to RIL (logging intensity 23 m 3 /ha) was circa 4.6%-4.8%, in relation to the total area authorized for selective logging. Authors of a different study [33] , also focusing on the Eastern Brazilian Amazon, reported an average of 5% disturbance in RIL logging plots. While mapping selective logging with aerial LiDAR and field data in the State of Acre, in a public forest following very low harvest intensities (up to 13.3 m 3 /ha), Reference [12] recorded areas of logging ranging from 7% to 8.6%. However, in areas undergoing illegal/conventional logging, these percentages could be higher [16, 33] .
All RIL practices are not mandatory by law and SFM plans only need to comply with constraints present in the current Brazilian environmental legislation. These may include RIL practices or they may not [80] . One of the few constraints that allows monitoring with remote sensing techniques is related to the authorized area of forest openings for the construction of log landings and logging roads, currently limited to 2.5% of the total area of the management unit [57] . However, the legislation does not establish any limits for the openings of felling gaps. We were not able to clearly separate the damage caused by log landings and felling gaps in our study sites. In this context, it would be reasonable, as a suggestion for decision makers, to adapt the law to set a limit for the "total area under disturbance" which would include also the disturbances caused by felling gaps, rather than to specify maximum percentages by the type of logging infrastructure.
Grid Cell Approach Measuring Affected Forest Area by Selective Logging
The grid-based comparison of forest area affected by selective logging in Sentinel-2 and Landsat 8 data does not reflect the large difference of 36.9% between the sensors in the pixel-based forest disturbance mapping approach. The respective value for the grid-based area comparison (6.8% overestimation with Landsat 8) shows that most of the pixel-based overestimation by Landsat data was compensated in the grid by the spatial proximity of the Landsat 8 and Sentinel-2 disturbance pixels. In consequence, as for the pixel-based approach, the overestimation of the Landsat-based analysis is mostly linked to the coarser resolution.
Detectability of Logging Infrastructure
The logging infrastructure detectability was calculated using data collected from 155 field plots across the seven SFM areas. Sentinel-2 has a better capability for detecting logging features (43.2%) compared to Landsat 8 (35.5%), which can most likely be attributed to its finer spatial resolution. The detectability over all types of logging features was similar to values reported by Reference [1] .
In a study performed in Guyana that mapped logging activities with Sentinel-2 data, it was noted that skid trails could not be identified using Sentinel-2 imagery [81] . This highlights the fact that skid trail damage is almost impossible to detect with optical remote sensing data available today because of its "below canopy" location ( Figure 3) . The logging roads in our study areas are secondary roads, built to be temporary and ranging from 4 m to 6 m in width. This could explain the lack of "detectability" for this kind of infrastructure. Nonetheless, the detectability of logging features confirms a better performance by Sentinel-2 ( Figure 6 ), even if the difference from Landsat 8-based values is small. However, given the higher spatial resolution of Sentinel-2, these differences between the sensors are smaller than expected.
Conclusions
In this study, we compared the performance of the Sentinel-2 MSI and Landsat 8 OLI sensors for detecting forest canopy disturbances caused by selective logging in a focus area in the State of Amazonas, Brazil. We combined a novel approach for detecting forest disturbances, the ∆rNBR index [50] , with a robust methodology to select optimized ∆rNBR thresholds for mapping forest disturbances in seven sustainable forest management areas harvested during years 2016 and 2017. The area-adjusted overall accuracy for both sensors were similar, with a slightly higher accuracy recorded for Sentinel-2. No large differences in terms of accuracy were found by adding three unlogged areas to the original seven study sites. Taking into account the area mapped as disturbed, we found that Landsat 8 overestimates the detection of logging by approximately 36.9%, when compared to Sentinel-2 data. Using field data collected in the seven sustainable forest management areas, we reported that Sentinel-2 imagery allows for the better detection of log landings and felling gaps than Landsat 8 imagery. However, other logging features had a small detection percentage for both satellites.
We expected to find more substantial differences between the maps derived from Landsat 8 versus Sentinel-2 data, given the nature of the forest disturbances investigated. However, our results show similarities between the two sensors, both in terms of accuracy and logging infrastructure detectability using field data. This provides evidence of the potential for interoperability of the two sensors' data in the context of forest canopy cover change. Moreover, it was shown that Landsat 8 maps larger areas containing forest disturbances, compared to Sentinel-2, both in the pixel-based and grid-based approaches, due to the lower spatial resolution. However, the two approaches deliver very different figures of Landsat overestimation, with the grid-based overestimation being much smaller than the pixel-based approach. The higher spatial resolution of Sentinel-2 leads to a more precise pixel-based mapping of forest disturbance by selective logging, making it possible to map smaller disturbances and to map larger disturbances more precisely. For pixel-based forest disturbance maps, it becomes clear that results should be called "areas of occurrence of selective logging" rather than "areas of selective logging" because considerable parts within Landsat pixels do not cover logging infrastructure. This is reflected by the large difference of pixel-based mapping results with Landsat and Sentinel-2 sensors. Future research could focus on more precise estimates of Landsat products for mapping areas directly affected by logging, using, e.g., a change area correction factor, as suggested for MODIS products [82] . In addition to this, future comparisons of Landsat 8 and Sentinel-2 could analyze possible synergies with the additional bands present in Sentinel-2, such as the red edge bands and the narrow NIR band, which were not investigated in the present study.
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